Accurate flood prediction is an important tool for risk management and hydraulic works design on a watershed scale. The objective of this study was to calibrate and validate 24 linear and non-linear regression models, using only upstream data to estimate real-time downstream flooding. Four critical downstream estimation points in the Mataquito and Maule river basins located in central Chile were selected to estimate peak flows using data from one, two, or three upstream stations. More than one thousand paper-based storm hydrographs were manually analyzed for rainfall events that occurred between 1999 and 2006, in order to determine the best models for predicting downstream peak flow. The Peak Flow Index (IQP) (defined as the quotient between upstream and downstream data) and the Transit Times (T T ) between upstream and downstream points were also obtained and analyzed for each river basin. The Coefficients of Determination (R 2 ), the Standard Error of the Estimate (SEE), and the Bland-Altman test (ACBA) were used to calibrate and validate the best selected model at each basin. Despite the high variability observed in peak flow data, the developed models were able to accurately estimate downstream peak flows using only upstream flow data.
Introduction
Floods are among the most powerful forces on the Earth [1] because they have disastrous effects in terms of casualties, economic impacts and infrastructure damages [2] [3] . Severe damages generated by flooding events in the central zone of Chile have destroyed bridges and irrigation canals. To prevent such damages, engineers have designed protective structures like dikes, spillways, and stormwater evacuation canals, whose designs require the estimation of peak flow values [4] . However, due to their sporadic nature, flooding and its consequences are usually forgotten by the population, which often results in inadequate land planning and management. The establishment of human settlements in zones with a high likelihood of flooding is an example of this.
Flood prediction has become an important social and economic component of risk management [5] . Hydrologic modelling can be used to better understand flood processes and thus can more precisely predict flash floods [6] . In this sense, the application of indirect methods for the estimation of peak flows in ungauged watersheds could be assumed mainly in three different ways: 1) The Unit Hydrograph [7] ; 2) The Curve Number Method [8] - [10] ; 3) Empirical Formulas [11] . In Chile different Empirical Formulas like DGA-AC [12] , the Verni-King approach [13] modified by [12] and the Rational Method [11] using tabulated runoff and frequency coefficients defined by [12] , have been traditionally used to estimate peak flows in ungauged basins. Other recent approaches have dealt with the calibration and validation of physically based distributed precipitation-runoff models [14] and also empirical-based methods, such as the quantile regression approach applied by [4] who used flow records of 25 watersheds located in Central Chile (32˚45'S to 43˚50'S) to estimate design peak flows in medium-large watersheds (100 -5000 km 2 ). Because of the high flood frequency in Central Chile and the lack of studies related to the topic, the objective of this study was to determine if upstream peak-flow data could be used to accurately predict flooding downstream in real-time, by calibrating and validating 24 linear and non-linear regression models in two important rivers located in the Mediterranean zone of Chile between 34˚41'S and 36˚33'S. The validity of the best selected models at each basin is evaluated by comparing its results with the observed peak flows through statistical measures, such as the Coefficient of Determination (R 2 ), the Standard Error of the Estimate (SEE), and the Bland-Altman test (ACBA).
Methodology

Study Area and Dataset
The study was implemented in two rivers located in the first-order administrative region of Maule in central Chile (34˚41'S and 36˚33'S latitudes) (see Figure 1) . The local climate is temperate humid (Mediterranean), characterized by dry summers with mean annual precipitation of up to 1336 mm•yr −1 , of which 57% and 43% in terms of volume are contributed to runoff or evaporation respectively [15] . For its part, [16] Table 1 .
Mataquito River is located in the northern part of the region, and drains an area of approximately 6190 km 2 . The river begins 12 km east of the city of Curicó at the confluence of two tributaries with headwaters in the Andes Mountains: the Teno River and the Lontué River, which drain the northern and southern parts of the basin respectively [18] . The Maule River is located south of the Mataquito River and is the fourth-largest river in the country, with a drainage area at 20,295 km 2 . Its headwaters are in the Maule Lake at 2200 meters above sea level [19] .
Instantaneous flow data from 13 stream gauging stations distributed up and downstream of both rivers was first used to make quantity and quality control (Figure 1) . Each paper-based record contained date and time for each of storm event occurred from 1999 to 2006 ( Table 1) . The dataset was provided by the Dirección General de Aguas (DGA), the Chilean government organization in charge of water resources management of Chile (for details see [20] ).
Downstream Estimation Points
In collaboration with DGA, the estimation points were mainly selected because the high recurrence of flooding. According to this criterion, the Mataquito in Licantén station (located near the town of Licantén) was selected for the Mataquito Basin. In fact, during May 2008, a flood of the Mataquito River resulted in the flooding of 70% of the town [21] . On the other hand, the Maule in Forel station was selected for the Maule Basin, where a historical instantaneous flow of 17,212 m 3 •sec −1 was recorded in June 28th, 1993. It is also important to add that two additional stations were selected in this basin: Claro in Rauquén and Loncomilla in Las Brisas, both immediately located upstream from the Maule in Forel station. Summarizing, four downstream estimation points were finally chosen, one in the Mataquito Basin and three in the Maule Basin (for details see Figure 1 and Table 2 ).
Once the estimation points were chosen, hydrographs were constructed from every identified flood event (storm event), and the estimation points were paired with one, two or three upstream stations. Only instantaneous flows data (m 3 •sec
) containing the date and time for the every upstream and downstream station were selected. Finally a total of 1000 flood events between 1999 and 2006 were chosen for further analysis.
Peak Flow Index (I QP ) and Transit Time (T T )
In order to better understand the relationship between the peak flows recorded at the upstream and downstream stations for each basin, the Peak Flow Index (I QP ) was created to describe the quotient between peak flow values at the downstream estimation point and the upstream stations. The index can be calculated as: • QP i(Upstream) is the upstream peak flow recorded at the upstream station i 1 n = . In the case of analyzing multiple upstream stations, the I QP was established by defining the denominator as the sum of the peak flow values for the "n" upstream stations. As the index is expressed as a quotient, it quantifies how many times the recorded peak flow increased from the upstream station to the downstream estimation point (Figure 2) . Additionally, the hydrographs were further analyzed to determine the Transit Time(T T ), i.e., the number of hours it takes for a single peak flow event to pass between the upstream station and the downstream estimation points. Transit times (T T ) were calculated for all the paired stations in both basins.
Selection of Linear and No-Linear Regression Models
Both linear and non-linear models were used to determine if downstream peak flows were correlated with those values registered in upstream stations. The mathematical expression to define dependent and independent variables in each regression model was:
DS US
where,
• DS QP is the dependent variable considered as the peak flow for the downstream estimation point, • US QP is the independent variable considered as the peak flow of the upstream station(s). Within this context, 24 linear and non-linear mathematical models considering one, two, or three upstream stations were used to estimate peak flows at each estimation point ( Table 3) .
Models Calibration
For the model calibration stage, the quantity of data used to adjust every model varied according to the downstream estimation points and upstream stations being considered, due to the differences in the number of flood events for any given station. All storm events of the year were considered and no distinction was made regarding whether flood events occurred in the dry or rainy seasons. The Coefficient of Determination (R 2 ) and the Standard Error of Estimate (SEE) were used to calibrate and validate the models and determine the best mathematical relation to estimate downstream peak flows (Table 4) . where, • y are the observed values, • ŷ are the estimated values, • n is the maximum value in the series, • t corresponds to each storm-event considered in the analysis, where t 1 n = . 
Models Validation
Finally, the best three models as determined by the error measurements results (R 2 and SEE) were validated by the Bland-Altman test (ACBA), which evaluates the degree to which the data obtained through direct observation differ from the theoretical response obtained from a model, and also determines if these differences are acceptable on a hydro-meteorological basis [22] . In statistical terms, the amount of agreement is measured as the mean differences (DP) between the observed and estimated data and the standard deviation (SD) of these differences. Additionally, the 95% limits of agreement (LC) are also often computed and are defined as:
The model in which the observed and the estimated data have DP values closest to zero in absolute terms is considered the more accurate. In the case of an equal or minimal difference between the DP values, then the model with the smallest SD value and the narrowest limits of agreement is determined to be more accurate [23] . The results from the Bland-Altman test were used to verify the best performing models for each of the four downstream estimation points.
Results and Discussion
Streamflows and Rainfall Variability Indexes
The fluctuation of streamflow and precipitation in the Aconcagua basin in Chile were studied by [24] determining that ENSO significantly affects the diverse physical processes controlling the hydrometeorology of the river basin. During El Niño years annual and winter precipitation significantly increase, especially along the coast. [25] , analyzed the possible ENSO influence in Sudamerican Rivers, and have confirmed the presence of a seasonal behavior of the rivers located in Central Chile, with increasing monthly flows associated to El Niño events, and decreasing monthly flows associated to La Niña events. A similar seasonal behavior in the Mataquito basin was found by [26] who observed an increasing difference between average stream flows in the rainy season as compared to the snowmelt season, indicating that part of this trend is caused by larger flows during fall months. [27] studied the spatial and temporal variability of streamflow in south-central Chile (between latitudes 34˚S and 45˚S) and determined that in addition to ENSO, there are two other phenomena that strongly influence summertime streamflow: the Antarctic oscillation (AAO) and the Pacific Decadal Oscillation (PDO). Additionally, the authors found significant decreases in streamflow between latitudes 37.5˚S and 40˚S, which are consistent with the decreases in precipitation observed and also with lower Southern Oscillation Index (SOI) values. Recently, [28] determined linear correlations between annual and seasonal trends flows and indices of ENSO, through the index of sea surface temperature (SST) for the Aconcagua River, finding positive correlation between the maximum mean monthly flows and El Niño events, negative correlation between minimum monthly mean flows and La Niña events, and a positive correlation between the SST index (Sea Surface Temperature) and the mean monthly flows for the 1950-2000 period, confirming a seasonal flows behavior in Central Chile. Based on the mentioned above, and their final use in the analysis, most of the selected flood events occurred during the months of May and September, which corresponds to the rainy winter season in the study area. In some cases the data analyzed included up to four flood events per month.
Peak Flow Index (I QP ) Comparison
The Peak Flow Index (I QP ) accurately determined the quotient increase for downstream peak flows in both the Mataquito and Maule Basins. For the downstream estimation point in the Mataquito Basin with one, two, or three upstream stations, the maximum I QP values varied from 3.1 to 17.4; for the estimation point in the Maule River the I QP values varied from 1.3 to 17.6 for one, two, or three upstream stations, which verified that I QP behaves similarly for the two basins ( Table 5) .
On the other hand, I QP values corresponding to the sum of the peak flows for two or three upstream stations more closely approximated the observed value downstream than those values calculated with one upstream station, i.e. the I QP value was closer to 1 when two upstream stations were considered. Similarly, the I QP values obtained using three upstream stations suggest that the I QP increases are very similar to the increases in the observed data, as I QP values equal to 1 have less variability is observed in the data. Initially was thought that I QP values could be correlated with the peak flow values for the upstream stations or the downstream estimation points. However, the R 2 results do not suggest a correlation. For some downstream estimation points, index values both increase and decrease with an increase in peak flows, while for others no definitive trend exists either way. However, in the case of the upstream stations a slight trend exists between the index and peak flow values, as the index values tend to slightly decrease with larger peak flows.
Transit Times (T T ) Comparison
Peak flow Transit Time (T T ) analyses that are reliable are imperative for flood prediction and mitigation. Some authors have stated that transit times may be mostly a function of distance between two stream gauging stations; however, other factors exist that might also influence the peak flow T T , e.g. channel morphology and vegetative cover, among others. In this context, [29] studied the effects of pine plantations and native forest on the peak flow behavior of another tributary river in the Maule Region (the Purapel); they determined that vegetative cover had no significant difference initially on peak flow, and that the variation was instead largely due to precipitation. In addition, [30] analyzed the relationship between peak flows and runoff before and after a forest harvest in southern Chile and determined that mean annual runoff increased by up to 110% after harvesting. The authors also pointed out that factors such as precipitation and channel morphology influenced peak flow behavior in addition to vegetative cover. In this investigation, the lowest average transit time observed in the Mataquito River at the Mataquito in Licantén estimation point was about 20 hours. For the Maule River, the lowest average transit time recorded was close to 4 hours observed at the Loncomilla in La Bodega estimation point. Therefore, peak flows T T at Maule River had the shortest average time for flood risk management activities ( Table 6 ).
Calibration and Validation of the Best Selected Models
In the absence of sufficient observations of flood extent, flooding risk areas are usually identified using numerical hydraulic models. This requires a dynamic approach to represent transient storage effects [31] . In any event, some form of calibration is required to apply these models successfully to a particular river in a given flood event [32] . In this case, the coefficients of Variation (CV) values for the average peak flow at each station were analyzed showing the highest variability (112.5%) at the Claro in Camarico station in Maule Basin. All the remaining stations in both basins revealed CV values over 60%, suggesting significant variability. Then, linear graphic correlations between upstream and downstream peak flows were developed, the results being highly linear in all cases (Figure 3) .
On the other hand, higher average peak flows downstream were related to shorter transit times, based on the relationship between average peak flows at the downstream estimation points and average transit time at the Mataquito and Maule rivers. Nevertheless, the linear correlation between peak flow transit time and peak flow values at each estimation point in both rivers, whether high or low, was very weak. Finally, as indicated previously, R 2 and SEE were used as fitting measures to select the three best models for each estimation point; R 2 values superior to 0.70 were found for the majority of the models. In the subsequent validation phase, the majority of the R 2 values obtained indicated that, in general, the calibrated models accurately represented the variation in the data of the downstream estimation points. In only a few cases SEE and ACBA did not agree with the R 2 results obtained. Finally, based on SEE and ACBA results, one model was chosen for based on one, two, or three upstream stations ( Table 7) . It is also important to note that approximately around 70% of the storm events were used for calibration of each selected model. The remaining data (30%) were used to validate the selected models (Figure 4) . 
Conclusion
The Peak Flow Index (I QP ) accurately represented the relationship between upstream and downstream flows. The transit time (T T ) was lower in Maule basin, despite its greater extent (which could imply more traveling time for the flooding wave). In general, for both Maule and Mataquito rivers various mathematical models were able to accurately estimate downstream peak flows using upstream data. However, there were points at which the linear models were more accurate than the more complex models using upstream information in the analyzed basins. Finally, it is important to point out that it is possible to use only upstream data to predict peak flows downstream. This is a good and relatively inexpensive approach for modeling flooding in real time, and it is useful when-as is often the case-extensive data needed for more complex models are unavailable. Furthermore, this simple streamflow-data approach can be used by national agencies like DGA to improve flood risk mitigation measures.
